ABSTRACT
Introduction
There is a sizeable economic literature on cognitive and non-cognitive skill formation of children (Todd and Wolpin, 2003, 2007; Heckman, 2007, 2008) . Using a production function framework, this literature investigates the determinants of the creation of a child's cognitive and non-cognitive skills. The most recent advances in this literature attribute important roles to self-productivity and cross-productivity of cognitive and non-cognitive skills as well as to parental investment (Cunha and Heckman, 2008). 1 However, so far, the literature on skill formation has treated children in isolation, assuming that they are not directly influenced by their peers. 2 Durlauf (2004) lists three specific channels through which such neighborhood and peer effects are mediated. First, psychological factors can stir a child's desire to behave like others (e.g., purely imitative behavior), second, interdependencies in the constraints children face motivate similar behavior because the costs associated with a given behavior depend on whether others behave in the same way (e.g., a reduction of stigma arising from deviant behavior), and third, behavior of other children may change the information on the effects of such behavior available to a child (e.g., expected income from an additional year of schooling). Intuitively, all channels depend on the existence of contact between individuals. The probability of contact and its intensity may be a function of geographical distance between individuals, family or friendship ties etc.
Independently of the channel, in the presence of peer effects, children are directly influenced by actions and characteristics of their peers. Therefore, peer-effects may be 1 Self-productivity refers to any effect of past periods' cognitive/noncognitive skills on the current period's cognitive/non-cognitive skills respectively, while cross-productivity refers to any effect of past periods' cognitive/non-cognitive skills on current period non-cognitive/cognitive skills. 2 Although some of this peer influence has been absorbed by school-and household-level controls commonly included in the specification of the production function. 3 Our definitional distinction between neighborhood and peer effects is somewhat arbitrary as Ioannides (2008) notes in his article for the New Palgrave Dictionary of Economics that '[t]erms like social interactions, neighbourhood effects, social capital and peer effects are often used as synonyms '. an important determinant of a child's development of cognitive and non-cognitive skills.
The identification of peer effects encounters well known problems laid out in Manski (1993) . Manski lists three effects that need to be distinguished in the analysis of peer effects. The first type are endogenous effects which arise from an individual's propensity to behave in some way as a function of the behavior of the group. The second are so called contextual effects which represent the propensity of an individual to behave in some way as a function of the exogenous characteristics of his peer group. The third type are so-called correlated effects which describe circumstances in which individuals in the same group tend to behave similarly because they have similar individual characteristics or face similar institutional arrangements, i.e., children within the same village may behave similarly. This means that there are unobservables in a group which may have a direct effect on observed outcomes, i.e., disturbances may be correlated across individuals in a group. The main empirical challenges, therefore, consist in (1) disentangling contextual effects, i.e., the influence of exogeneous peer characteristics on a child's observed outcome, and endogenous effects, i.e., the influence of peer outcomes on a child's outcome, and (2) distinguishing between social effects, i.e., exogenous and endogenous effects, and correlated effects, i.e., children in the same peer group may behave similarly because they are alike or share a common environment. Such correlated effects can also include sorting of households, i.e., the endogenous location choice by households.
Existing work looking at children's and teenagers' cognitive outcomes incorporating neighborhood effects, such as Brooks-Gunn et al. (1993) In this paper, we use observational data from the Young Lives (YL) project for Andhra Pradesh, India, to examine neighborhood-level peer influences on child cognitive development by estimating a production function of a child's cognitive ability accounting for peer effects. We regard our empirical specification, which explicitly al-lows children to be influenced by and learn from their peers, as a step forward towards a more realistic model of skill formation.
A common justification for neglecting peer effects in the analysis of child skill formation in the existing literature is the lack of appropriate data. The most commonly used data set in this line of research, the US National Longitudinal Survey of Youth (NLSY), is the result of stratified sampling which justifies the assumption of independence of children within the data set. In principle, the same applies to the data used in our analysis which justified treating children as independent units in earlier work. However, we show that in our data, surveyed households are closely geographically located within villages. The presence of this spatial pattern, i.e., close geographical proximity of surveyed households within villages, motivates us to employ geographical proximity between children to identify spatial peer effects on child outcomes. Importantly, children in our sample are of the same age, which means that peer influences are reciprocal and contemporaneous which is distinct from role-model influences which could emerge if younger children imitate behavior of older individuals (Durlauf, 2004 ). We construct the child's peer group based on geographical proximity of other similar aged children within the village using GIS data. The resulting structure of the reference group is thus similar to the classifications of social networks. We supplement this analysis by also considering community/village peer reference groups.
Given the lack of experimental data, we address the identification issues by using the strategy recently proposed by Bramoullé, Djebbari, and Fortin (2009) [BDF henceforth] which relies on the structure of networks spanned by peer interaction to disentangle contextual and endogenous effects and avoids confounding social with correlated effects.
For estimation we move beyond the approach adopted by BDF and rely instead on recent advances in the spatial econometric literature using the spatial nonparametric heteroscedasticity and autocorrelation consistent (SHAC) instrumental variable estimator proposed by Kelejian and Prucha (2007) . The SHAC approach allows us to remain agnostic regarding the structure of the spatial dependence in the residuals and to allow for heteroscedasticity of any arbitrary form.
We demonstrate that a child's geographical neighbors are positively associated in a statistically significant and economically important way with a child's own production of cognitive skills between age eight and twelve. Furthermore, we find that contextual effects appear to have little influence on cognitive achievement gains. However, we only have observational data for our analysis, which means that despite our identification strategy, we are cautious in attributing our results a causal interpretation.
As an additional contribution, we use the augmented skill production function to examine the relevance of peer groups in assisting children recover from shocks. We investigate whether the presence of a peer group helps insure children of shock-affected households against an adverse impact to their cognitive achievement gain. Many studies have found that economic, health or climatic shocks to a household have a negative impact on child schooling and health. This is because in such circumstances households will typically tend to under-invest in education or health related expenditure of their children. While a considerable amount of the literature is devoted to examining risk- By utilizing detailed data on idiosyncratic household related shocks, we find that the negative effect of a shock on child cognitive achievement becomes insignificant after incorporating peer effects, which we interpret as evidence that peer groups provide full insurance.
Our results contribute to the empirical literature on childhood skill formation by providing evidence for the presence and importance of peer and neighborhood effects in the formation of children's cognitive skills in rural India. Moreover, we contribute to the existing peer effects literature by demonstrating how to identify peer effects without the need for data from a controlled randomized experiment. Our research design is applicable in any context in which peer effects are mediated through spatial proximity.
Hence, it can be applied to study peer effects in other contexts both on other outcome variables and populations of interest.
From a policy perspective, understanding the role of social interactions and peer effects in shaping childhood skill formation is important as policy interventions targeting only a subset of children of a population may influence outcomes of other children not directly included in the intervention. 4 Because of the bi-directional nature of peer effects, their presence also implies social multiplier effects which magnify the impact of policy interventions (Manski, 1993) . As noted by Durlauf (2004), peer effects can also lead to persistence in poverty as neighborhoods can get locked in bad equilibria which are enforced over time by the mutually reinforcing character of peer effects. Therefore, improved understanding of the role of peer interaction, in particular in a developing country context, may contribute to the design of novel interventions aimed at improving children's cognitive skill production and thus success in later life.
The paper is organized as follows: Section 2 discusses our identification strategy which is translated into the specification of our empirical model presented in the same Section. The SHAC estimator used in our analysis is presented in Section 3. The data used is described in Section 4. Section 5 discusses our results; Section 6 concludes.
Identification

Identifying Endogenous Peer Interaction Effects
Our analysis of the YL data for Andhra Pradesh, India, reveals close geographical proximity of the surveyed households within towns and villages. As an example, Figure   1 shows the location of surveyed households in the village of Achampet in Andhra Pradesh. The figure suggests that groups of households are located close to each other within the village. In fact, the median distance between households within the networks used to define peer interaction, which we will discuss further below, is 126 meters. 5 This short distance is striking in light of the fact that most households are located in rural areas.
The spatial proximity of households allows us to identify surveyed households' geographical neighbors which we use to define each child's peers. The clustering is important, because the close geographical proximity of households allows us to reasonably argue that households interact as neighbors. From the YL child-level questionnaire at age twelve, we have some information on how children spend their time. We know for example, that the median amount of time that children spend playing with their peers is four hours a day, which leaves ample room for neighborhood-based peer interaction.
However, note that we assume that the spatial clustering emerges randomly. This assumption is justified by the nature of our data set, which is a random sample of households within sentinel sites, i.e., households have not been selected into the sample based on their location within villages (see also Section 4). Hence, we can assume that the observed spatial distribution of observed households is representative of the true underlying spatial distribution of households in the population.
This allows us to use a neighborhood-based definition of social interactions. Adding the fact that only children of the same age are included in the sample, we are able to construct our measure of peer effects based on nearest neighbor networks which represent a child's peer group. These directed networks are used to analyze how neighborhood related spatial peer group effects affect child related outcomes. 6 Note that we assume that interactions between children occur exclusively through social interactions and are 5 The average distance within networks is 447 meters with a standard deviation of 1164. These figures refer to networks defined as a child's five nearest neighbors.
6 'Directed' means that relations within a network are not required to be reciprocal.
thus unrelated to market interactions, which appears to be a reasonable assumption in our setting. We denote the set of children as i (i = 1, ..., n) and y i denotes the cognitive achievement of child i, x i is a 1 × K vector of child and household characteristics. Each child has a peer group P i of size n i . By assumption child i is excluded from P i , i.e., i P i .
Denoting each network as l, we assume that our sample of size l is i.i.d. and from a population of networks with a fixed and known structure. 9 The assumption of a fixed network structure is made on the basis that networks are defined according to the location of the household in which children live. We distinguish between three types of effects: a child's outcome y i is affected by (i) the mean outcome of her peer group (endogenous effects), (ii) her own characteristics, and (iii) the mean characteristics of her peer group (contextual effects):
Hence, β captures endogenous effects and δ contextual effects. We require strict exogeneity of x l with respect to u li . Correlated effects are contained in u li . Note that we make no further assumptions on u li , i.e., we do not require the residuals to be homoscedastic or normally distributed. 7 This particular network structure produces exclusion restrictions which achieve identification in the same way as exclusion restrictions achieve identification in a system of simultaneous equations. 8 In a local transformation the model is written as a deviation from the mean equation of the individual's peers and in a global transformation it is written as a deviation from an individual's network. Note that in the presence of correlated effects, the distance between individuals within the network needs to be ≥ 3. Distance in this context is defined as the shortest directed path between two nodes in a given network. 9 In our case, each village is representative of one inter-connected network, l.
To estimate Equation (1), we construct a neighbor matrix (alternatively interpreted as a peer interaction matrix), W , which is interacted with the outcome variable and exogenous peer characteristics to form spatial lags. We define W using a 'K Nearest
Neighbors' (KNN) characterization. KNN is a distance-based definition of neighbors where 'K' refers to the number of neighbors of a location. Distances are computed by the Euclidean distance between GPS locations of households. Therefore, under this approach, the set of 'neighbors' for child/household i includes the K children/households characterized by the shortest distance to child/household i within each village. We set K = 5. 10 The choice of K poses a problem similar to the well-known modifiable areal unit problem in spatial econometrics. We are thus careful to check the robustness of our results to modifications in the definition of K (see Section 5.3). The resulting neighborhood matrix, W is asymmetric, a feature that helps achieve identification for our purpose as will be discussed in more detail below. 11 However, using this method,
we drop all such households that are not a nearest neighbor to any other household in the sample. 12 Depending on the number of nearest neighbors used in our definition of W , this leads us to drop a small number of households which causes slight variations in the sample size across specifications (see Section 5 ). Yet, under the assumption that households are a random sample of the underlying population, dropping such 'island' households is not biasing our results.
Alternatively, we can construct the peer reference group as all children of the same age belonging to the same community. 13 As noted by BDF, peer effects are still identified since children interact in community based groups of different sizes. The peer/neighbourhood interaction matrix, W , has block diagonal elements of varying sizes. This brings about variation in reduced-form coefficients across communities of different size that ensures identification. This alternative definition captures both peer and neighborhood effects.
Manski noted that the 'informed specification of reference groups is a necessary 10 The child-level questionnaire at age twelve asks children to indicate the number of friends they have. On average, children report to have 7 friends, with a standard deviation of 4.8. While we also estimate our model using a network definition based on seven nearest neighbors (see Section 5.3), we consider five nearest neighbors as a more conservative baseline specification given that we only have a sample of the underlying population that children are referring to.
11 Alternatively K can be allowed to vary if all neighbors are included in the set of KNN that reside within a specific distance band from a child's household. However, we do not pursue this alternative here. 12 In fact, for such 'island' households, column sums of the spatial weight matrix W are zero. 13 A community is defined as a geographically well defined administrative area, such as zone/neighbourhood for urban and village for rural areas.
prelude to analysis of social effects' (Manski, 1993: 536) . In our analysis, the specification of a child's peer group arises naturally as we assume that children are limited to interaction within a geographically confined area, their village and more specifically their nearest neighbors within that village. The assumption appears defendable on the grounds that the sample consists of children aged 8-12 who are arguably limited in their independent movements beyond their close environment. The construction of the weights matrix allows us thus to rewrite Equation (1) in structural form as:
This implies, that the reduced form is given by;
If we omitted the endogenous effects from Equation (2), i.e., W y l , the model could be estimated using OLS under the assumption that all covariates are independent of the error term, i.e., strictly exogenous. However, OLS is biased and inconsistent in the presence of a spatial autoregressive lag (Anselin, 1988) . Denoting the variancecovariance matrix of l as ψ l , it is easy to see that,
Anselin (1988) suggested a Maximum Likelihood (ML) estimator to address the endogeneity problem. To avoid computation accuracy problems in the ML approach noted by Prucha and Kelejian (1999), Kelejian and Prucha (1997, 1998) suggested a spatial two-stage least squares estimator (S2SLS). They suggest using a set of instrument matrices to instrument for (x l , W x l , W y l ). From Equation (4), we can see that,
ideally the set of instruments contains linearly independent columns of [
The use of such instruments is possible when the matrices, I, W and W 2 are linearly independent. In this paper, we use the network structure of our peer reference group to ensure this condition is met. This is the case when the network is characterized by a small degree of intransitivity e.g., child i and child j are nearest neighbors, child j and child k are nearest neighbors, but child i and child k are not nearest neighbors. This produces a directed network topology which achieves identification of peer effects as shown by BDF. The networks-based intuition of this strategy is straightforward:
is an identifying instrument for W y l , since x kl affects y jl (since they are connected and interact with each other) but x kl can only affect y il indirectly, through its effect on y jl .
As noted above, our peer interaction matrix, W is asymmetric; we extract from that a small network to illustrate the nature of intransitivity. Figure 3 shows a fragment of the networks spanned by children in our data set. The arrows show that networks are directed; for example, while child 22 is a nearest neighbor to child 24, the converse is not true. Hence, child 24 influences child 22 only through child 23. Similar reasoning applies to the other networks displayed in Figure 3 . When we apply the communitybased reference group definition, we rely on variation in group size for identification.
This may lead to weaker identification of contextual and endogenous effects. For this reason, we only include endogenous effects in the specification at the community level,
i.e., we assume that δ = 0 in Equation (2).
Correlated and Selection Effects
Correlated effects occur when individuals within a peer group behave similarly due to the common environment that they face. Selection effects arise when an individual chooses his own peer/reference group; this causes a bias in the peer interaction effect due to the presence of unobservables that both influence the choice of peer group and the outcome. This is the case when group formation is endogenous, for example, when popular students interact primarily with other popular students or when households sort themselves into a locality of their choice. In this paper, following Blume and
Durlauf (2006), we employ a first-differenced specification to address the issue of correlated and selection effects.
We employ differences between the two available rounds of data to account for unobservables that are constant over time. Accounting for such unobservables appears to be important in light of a large body of work suggesting that peer effect estimates are biased due to the presence of unobserved household characteristics (e.g., Evans,
Oates, and Schwab, 1992). Motivated parents can choose to locate themselves in areas in which children are exposed to favorable conditions for their skill formation. The period-difference will therefore eliminate this unobserved household fixed effect that could bias the peer interaction effect.
We are interested in explaining the change in cognitive skill levels achieved by children between t and t − 1. We write the change in a child's cognitive skills as a function of the change in a child's own characteristics, parental investment and household characteristics. We allow for peer effects by incorporating spatial lag terms of the dependent variable as well as of a child's peers' characteristics, parental investment and household characteristics. Hence, we rewrite Equation (1) as
where y li = y li,t − y li,t−1 denotes the difference in cognitive skill levels between periods t and t − 1 for child i in network l. 
However, while we are able to difference out all the child, household and village level fixed effects that are constant over time, correlated effects will still continue to persist if there are common environment related time-varying unobservables that effect both the child's as well as her peer group's outcome. For instance, it is possible that more schools were constructed between the two time periods in a particular village causing growth in education achievement for all children in that village. We address this issue in two ways.
First we explicitly account for village-level changes to education by utilizing information on the older siblings on each child. We are agnostic with regard to whether such time-varying village-level unobservables are due to endogenous sorting or unobserved effects, such as the construction of a new school. We construct a quasi-cohort data set by pooling information on all the older siblings of each child in each village. 14 We restrict the sample to those children who are up to two years older than the reference child in both years. To the extent that school enrollment and continuation is a proxy for student achievement, we calculate the average (highest) grade reached by this subset of older children for each village for both time periods. In order to capture any timevarying village-level effects that could have a direct impact on the education/schooling of children we include this variable (in first difference) in our specification. Our objective is to to see whether peer effects still continue to hold even after conditioning on these time-varying, village-level effects. This is incorporated as,
Since we treat each village as one interlinked network (our peer interaction matrix, 14 Our choice of aggregating information at the village-level is supported by findings such as Bayer et al. (2008) who suggest that endogenous sorting is more likely at broader levels, e.g., the neighborhoodlevel, than for finer levels of aggregation, in their case the block-level in the Boston metropolitan area.
W, is a block diagonal matrix of the large network of all villages),ē l represents the change in average educational attainment of a sample of older children in the village.
Secondly, following BDF, we apply a within transformation at the network-level defined by a child's nearest neighbors ('local' transformation) to account for correlated effects. This involves averaging Equation (6) over all of child i's K nearest neighbors.
Using average village-level schooling of older siblings to controls for time-varying unobservables that are correlated with the peer effects only accounts for differences across villages. By using the local transformation, we can also account for unobservables that vary by nearest neighbor networks. The structural specification (omitting contextual effects) is thus,
Hence, using first differences, we not only wipe out unobserved individual, household and village characteristics that remain constant over time, but also network-specific correlated effects.
Peer Effects and Insurance against Shocks
We are also interested in testing whether peer effects can provide insurance against adverse shocks to skill acquisition. In the given context, we have a rather informal way of insurance in mind. Children may intuitively rely more on their peers when their own household is affected by an adverse shock, rather than benefit from support mechanisms involving direct transfers.
To test for insurance, we rewrite our specification in Equation (5) to account for idiosyncratic shocks in period t as
where s li is a dummy variable indicating whether the child's household has experienced an idiosyncratic shock between the two time periods. A large body of work has attempted to apply a test for full/partial insurance for consumption using various methods. The main challenge has been to identify the coefficient of village/network average consumption. Akin to the literature on peer effects, identification is not straightforward due to the reflection problem as the OLS estimator would mechanically fit the mean. ). Once identified, the test for full/partial insurance is applied by introducing the idiosyncratic shock as an overspecification of the model i.e.η = 0 is interpreted as evidence in favor of peer group insurance. In our case, having established identification on our peer effects variable, the test is to see whether conditional on peer effects, the idiosyncratic shock is orthogonal to our measure of cognitive skill formation. The intuition for this is that shocks affecting a child's skill formation through their impact on household resources should not affect skill growth once skill growth across the child's peers is accounted for. As stressed in the relevant literature, the validity of the test for peer group insurance formulated in Equation (9) rests on the assumption that an individual's utility function is separable in the shock and the outcome variable of interest.
This means that utility derived from cognitive skill formation must not depend directly on the household's endowment affected by a given shock, i.e., parents' preferences for a child's skill formation must not change as a function of the shock received.
Estimation
While the S2SLS estimator proposed by Prucha (1997, 1998) is essential in the context of SAR models as specified in Equation (5) above. 16 To see how the S2SLS estimator is implemented, rewrite Equation (5) 
where n is a n × 1 vector of innovations and R n is an n × n non-stochastic matrix with unknown elements. Note that vectors and matrices are denoted by n as they may depend on the sample size, i.e., they are triangular arrays. Kelejian and Prucha (2007) assume that R n is non-singular and the row and column sums of R n and R −1 n are bounded uniformly in absolute value by some constant c R where 0 < c R < ∞. The corresponding variance-covariance (VC) matrix is defined as
where H n is a n × p h non-stochastic matrix of instruments defined above and Σ n = R n R n denotes the VC matrix of u n where row and column sums of Σ n are also uniformly bounded. Spatial dependence is introduced through a kernel function which is a real continuous and symmetric function that defines weights for covariances
, the Kernel is equal to zero. We choose a plug-in bandwidth based on the distance to child i's K nearest neighbors as discussed above. 17 Since the choice of the kernel is usually of little importance in the implementation of nonparametric estimators, we choose the standard Epanechnikov kernel. Then the (r, s)th element of the true VC matrix Ψ n of the SHAC estimator is given bŷ
It is important to stress that our theoretical justification for the specification of the model in Equation (5) In Helmers and Patnam (2010), we analyzed the formation of both cognitive and non-cognitive skills paying particular attention to self-productivity as well as crossproductivity effects. We have found statistically and economically significant evidence for self-productivity for cognitive skills and cross-productivity effects of cognitive skills on non-cognitive skills. However, we have not found any evidence of self-productivity for non-cognitive skills nor of non-cognitive skills affecting cognitive skills. We therefore focus our analysis of spatial peer effects on the formation of cognitive skills. Since we are interested in the determinants of the evolution of cognitive skills over time, we can only use the 'older' cohort of children because for the 'younger cohort' there is no information on children's cognitive skill levels at age one. This means we only use information for the 'older' cohort of children to analyze the determinants of their cognitive skill formation between age eight and twelve. For a more detailed description of the data set see Helmers and Patnam (2010). Table 1 shows some summary statistics packages in R.
for the variables used in our analysis.
Location and Peer Effects
In order to construct geographical distances between households/children, we collated various geography variables from two GIS files: the Taluk map of Andhra Pradesh which provides digitized Taluk (administrative boundary) polygons, and a household location map that contains, as a point feature class, detailed GPS locations of every household/child in the YL data set. The latter was overlaid with the Taluk map to identify village level clusters for households. This gives us longitude and latitude information on the location of households and children and thus allows us to compute the Euclidean distance between households. The distance is used to determine a household's five nearest neighbors which are used to measure spatial peer effects. Note that we have GPS locations of only 750 out of the 1,000 sampled households. However, it is reasonable to assume that where GPS information is unavailable, it is missing at random. To assert that there are no systematic differences in the outcome distributions for children for which GPS information is available and for those that it is not, we implemented a Kolmogorov-Smirnov test, which does not reject equality of the outcome distributions with a p-value of 0.322. Figure 2 shows a complete map of the sample households demonstrating the spatial concentration of the data.
Cognitive Skills
In principle, cognitive skills are unobserved. In order to proxy them, we use observed measures. Since we use a specification in first-differences, we need the same measures at age eight and twelve. This restricts our choice of possible measures because the survey questionnaires differed between Round 1 and Round 2. The only measures for cognitive skills that are available for children at age eight and twelve are reading and writing test scores. 19 These tests assess mostly a child's general intelligence and her ability to apply acquired knowledge and skills. These skills are distinct from non-cognitive skills which aim to measure a child's personality traits (Borghans et al., 2008). Our specification in first-differences accounts for unobserved initial conditions. Such initial conditions due to a child's unobserved endowment are assumed to exert a constant effect over time on the formation of cognitive skills which means that by taking firstdifferences we eliminate them from the specification. 20 We focus on the change in to do well even after four years. Secondly, we find a huge improvement in writing skills of children between the two rounds. The percentage of children who were able to write without difficulty improved from 51% to 69% in four years. Table 1 shows the summary statistics of reading and writing scores at age eight and twelve as well as in first-differences.
Inputs
Since we implement a specification in first-differences, only inputs into the production of cognitive skills that change over time can be included in the conditioning set of variables. This rules out the use of variables such as a child's gender, caste, birth order
etc. Yet we also split the sample by gender to investigate differences in the role peers may play to insure children against adverse idiosyncratic shocks.
The set of potential input variables is further restricted because of the differences in the design of the questionnaires in the two surveys. We use child anthropometries, that is child weight and height as proxies for child health and unobserved initial conditions whose expression varies over time. In addition, we include the change in the number of a child's siblings. This variable captures changes in parental input as well as potential effects arising from within-family interaction and household size. In addition, we include a measure of how much time the child spends working. Given that a child divides her time between school, work, and leisure, the change in time spent working captures changes in the time spent at school and spare-time activities. We therefore do not account separately for a change in schooling. As a measure for the quality of a child's schooling, we include a variable indicating whether the child moved from a public to private school between age eight and twelve. As a direct measure of the resources available to a child, we include the change in household assets. 21 Moreover, we include a dummy variable indicating whether a child's household is located in an urban area and a dummy variable for whether the household is located in the coastal area of Andhra endowments (see Weedon et al., 2007) , this problem is mitigated as we include these variables in the conditioning set (see Section 4.3). 21 We use a wealth index which consists of three components: housing quality, consumer durables such as a refrigerator or a telephone, and services such as electricity or toilets available to the household.
Pradesh. There indicator variables capture time-varying location-specific effects.
The survey captured detailed information on various shocks faced by the child's household including economic, climatic, health and other miscellaneous shocks. We were able to divide these shocks into (a) idiosyncratic shocks and (b) covariate shocks.
Idiosyncratic shocks include shortfall of food, loss of livestock, death or serious illness of family members, and job loss in the household, and whether the household was subjected to crime. Covariate shocks include natural disasters and calamities and crop failures. We create two shock variables which are dummy variable indicating whether the child's household had experienced an idiosyncratic or covariate shock respectively between age eight and twelve. The covariate shock is part of the basic model specification, whereas the idiosyncratic shock variable is used to test for insurance.
Results
Figures 4 and 5 present non-parametric plots of a child's first-differenced reading and writing scores against the average first-differenced scores of her five nearest neighbors.
Both graphs provide descriptive evidence that peer effects matter as they show that a child's own score gain is increasing in her peer's performance. We also note that this positive relation is approximately linear for both writing and reading skills. Table 2 shows the results for writing skills from estimating Equation (5) using OLS and the estimation procedure described in Section 3 above. Columns (1) and (2) show OLS results not accounting for potential heteroscedasticity and spatial autocorrelation in the error term. Column (1) does not allow for peer effects; the results show that a number of variables is statistically significant: the change in child height and weight, the change in the time worked, the public school variable, and the indicator for whether the household is located in an urban area. Since the public school variable is equal to one if the child switched from private school to public school between age eight and twelve, zero if no switch occurred and minus one if the child switched in the other direction, the positive coefficient suggests that children benefitted on average from switching from private to public school between age eight and twelve. Since we use first-differenced variables, the location-specific variables, urban and coastal area, capture time-variant location specific unobservables. The fact that the urban indicator variable is statistically significant suggests that this is a relevant concern despite using first-differences, i.e. that different locations are on different trajectories in terms of child skill development. When we account for peer effects in Column (2), we note a positive and statistically significant coefficient associated with the endogenous peer effects. An increase of one standard deviation of the endogenous effects leads to an increase of 0.2 standard deviations in the growth of writing skills. The other covariates that were statistically significant in Column (1) remain so.
Peer Effects
In order to test for the presence of spatial dependence in the error term, we apply a Lagrange Multiplier (LM) test to the OLS residuals in Columns (1) and (2) . The null hypothesis is the absence of spatial autocorrelation, which is tested against the presence of autocorrelation captured by a spatial error component (Anselin and Hudak, 1992). The p-value reported in Columns (1) and (2) suggests the presence of spatial dependence in the residuals even when accounting for a spatial lag of the dependent variable. We apply the studentized Breusch-Pagan test to check for the presence of heteroscedasticity. The p-values reported in Column (1) and (2) show strong evidence for the presence of heteroscedasticity.
Columns (3) accounts for heteroscedasticity by estimating White's (1980) robust standard errors. Obviously, the point estimates remain unchanged. Also, the peer effect term remains statistically highly significant. Overall, we find that the standard errors are only marginally changed when computing White's (1980) robust standard errors which is surprising given the strong evidence for the presence of heteroscedasticity shown in Columns (1) and (2).
Columns (4) and (5) report the results when using the S2SLS estimator which accounts for endogenous effects through its instrumental variable approach. The estimates in Column (4) assume homoscedasticity and absence of spatial autocorrelation in the residuals of Equation (5), but account for the endogeneity of the spatial lag variable. Hence, the results in Column (4) show the bias when ignoring this endogeneity in columns (2) and (3). Column (5), in contrast, reports the results for the SHAC estimator, which is least restrictive in terms of assumptions imposed on the residuals of Equation (5) allowing for both heteroscedasticity and spatial autocorrelation and is therefore our preferred estimator. The results in Columns (4) and (5) show a large increase in the coefficient of peer effects. Now, an increase of one standard deviation in a child's peers, has twice the effect on the change in writing skills it had when using OLS. Among the conditioning variables, an increase in the height and weight of a child is negatively associated with cognitive achievement. The coefficient is positive and statistically significant for the public school variable. The urban dummy variable is no longer statistically significant.
Columns (6) and (7) report the results when also accounting for contextual effects.
Column (6) reports OLS results, whereas Column (7) reports the SHAC estimates. 22 22 We computed the corresponding variance inflation factors to investigate the potential presence of Again, we note a substantial difference in the coefficients associated with endogenous effects between OLS and the spatial two-step estimator. The coefficient obtained for the S2SLS estimator suggests that a one standard deviation increase in peer effects increases writing skill formation by nearly half a standard deviation, which is a sizeable effect. Among contextual effects, only the change in height of a child's peers as well as whether her peers have switched between public and private school are statistically significant. Table 3 reports the corresponding results for the change in reading scores. In Column (1), we report again OLS results ignoring both endogenous and contextual effects.
Among the covariates, as for writing scores, the public school dummy variable, and the indicator for whether the household is located in an urban area are statistically significant. In addition, also the variable indicating whether a household is located in the coastal area is statistically significant. In Column (2), we add endogenous peer effects. The coefficient is positive and statistically signifincant: a one standard deviation increase in a child's peers' skill growth is associated with an increase of a fifth of a standard deviation of the child's own skills. The LM test for spatial autocorrelation in the residuals is flatly rejected. Similarly, the Breusch-Pagan test strongly suggests a non-constant variance of the residuals. Column (3) reports OLS results with robust standard errors where again the standard errors do not differ dramatically. In Columns (4) and (5), we report the results from using the S2SLS estimator. As for writing scores, the coefficient associated with peer effects increased markedly. In Column (5), for our preferred estimation method, the SHAC, a standard deviation of a child's peers' skill change, increases her own skill growth by slightly more than half a standard deviation. Columns (6) and (7) show the coefficients when including contextual effects in the model. The coefficients for peer effects drop slightly for both estimators, OLS and SHAC, and we find only a child's peers' change in weight and the public school variable to be statistically significant among the contextual effects.
In the remainder of this section, we discuss a range of additional results that employ different modifications of the basic specification to investigate the importance of potentially omitted unobservables in driving our results. However, considering the great similarity in the results found in Tables 2 and 3 , we limit this discussion to the results obtained for writing test scores. Table 4 reports results when accounting for potentially omitted unobservables by multicollinearity, but there is no evidence for this.
augmenting the specification with the village-level schooling variable constructed using children's older siblings or the local within-network transformation as described in Section 2.2 above. In addition, the table contains results for an IV estimation, in which we instrument endogenous peer effects with idiosyncratic shocks.
Column (1) shows OLS results when allowing for peer effects and controlling for time-varying unobservables that are correlated with peer effects, such as unobserved changes in the availability or quality of schools. We note that the peer effect coefficient remains nearly unchanged compared to the results reported in Column (2) of Table 2 .
The schooling of older siblings averaged at the village-level is statistically not significantly different from zero, providing no evidence for a bias of the coefficient associated with endogenous effects due to time-varying schooling-related unobservables. When we look at the second column in which the SHAC results are reported, we note that the added control variable is also not statistically significant and the magnitude of the peer effect estimate very close to the one reported in Table 2 .
Column (3) reports the results when using a local within-transformation that accounts for unobservables at the nearest neighbor network-level. 23 The magnitude of the peer effect coefficient falls slightly relative to Column (2). However, interpretation of the effect is difficult because under the local transformation peer effects represent the deviation of a child's gain from the average gain of her peers. Finally, Columns (4) and (5) report results for an IV approach exploiting the exogeneity of a child's idiosyncratic shock with respect to her peers' cognitive achievement gain. Hence, in a first stage, we use the idiosyncratic shocks as an instrument for peer effects. The exclusion restriction is that an idiosyncratic shock hitting child i affects her peers only through its direct effect on the cognitive achievement gain of child i. This is a credible assumption given the idiosyncratic nature of the shocks. The results in Column (4) show that idiosyncratic shocks affect cognitive skill growth adversely in a statistically significant way, which suggests that the instrument is also informative. When we look at the results in Column (5), we note the similarity of the magnitude of the peer effects coefficient with respect to the coefficients obtained using the S2SLS estimator. This is not that surprising given that the S2SLS uses all variables included in the first stage in Column (4) in its instrument set -with the exception of the shock variable. Nevertheless, this finding lends further credibility to our choice of the spatial two-step estimator as our preferred estimator.
We now use our second peer group classification which is based on children be- 23 Since the local transformation eliminates a considerable amount of variation in the data, we choose to estimate the transformed model assuming that the error process follows a known SAR(1) process using a GMM estimator proposed by Kelejian and Prucha (2009). longing to the same community i.e. a child's peer reference group consists of all other children in the sample who belong to the same community. Table 5 reports results from the community based classification. The results are similar to those obtained using the neighborhood-based peer group classification. Peer effects are positive and significant across all different specifications.
Insurance Test
In this section, we provide evidence to show that peer groups can help children cope with idiosyncratic, adverse shocks. Both OLS and spatial estimators with and without the inclusion of peer effects are presented in Table 6 . Columns (1) and (2) reports results using the five nearest neighbor network definition whereas Columns (3) and (4) report community-level results.
For both, nearest-neighbor and community-level network definitions, we find that the idiosyncratic shock variable has a negative and significant effect on child cognitive achievement measured as the change in writing test scores. This effect, however, becomes insignificant after accounting for peer effects. This result holds for both neighborhood and community based classifications of peer groups. This means that conditional on peer effects, idiosyncratic shocks have no effect on cognitive skill formation.
At the same time, the coefficient associated with peer effects is positive and statistically significant as shown in the preceding section. This provides evidence in favor of peer effects helping children to cope with adverse idiosyncratic shocks.
Finally, we report results when splitting the sample by gender. In rural India, children are often treated differently depending on their gender. In particular, girls maybe be more restricted in the ability to move around freely outside of the household and therefore may be exposed to less interaction with their peers. Another reason to split the sample is the possibility that boys tend to interact more with boys and girls with girls. Table 7 contains the corresponding results. The most interesting finding is that the idiosyncratic shock negatively affects skill formation of girls whereas the effect is insignificant for boys. This supports previous findings in the literature suggesting the presence of widespread discrimination against girls in developing countries. Bjorkman (2009) for instance finds that negative income shocks have large negative and highly significant effects on female enrollment in primary schools whereas the effect on boys' enrollment is smaller and only marginally significant. A large body of evidence exists that shows that girls receive much less schooling in rural India and that intra-household expenditure towards children is skewed in favour of boys (Alderman et. al., 1994;  Rosensweig and Schultz, 1982; Behrman, 1998). Further, our results show that the adverse effects of negative shocks to the household on girls' educational achievement continues to persist even after the inclusion of peer effects in the model (however the coefficient on shocks falls marginally). Hence, we find that peer effects tend not to insure girls against adverse shocks. It would be interesting to see whether this effect plays out differentially in rural as compared to urban areas. Given the limited sample size, it is not possible to carry out this exercise with the present data, but we highlight this as a matter for future research.
Robustness
Network Size
In order to check that our peer groups effects are not driven solely by our construction of neighbor/peer groups, we provide results from varying the size of neighbor groups. In the network data, the size of a child's peer group is restricted to some arbitrary number as administered in the survey. Therefore, it is difficult to see how the results would change if the survey had recorded more or less peers for the same sample of respondents.
In our analysis, we rely on the construction of peer groups after data collection. As described earlier we use the method of K-Nearest Neighbors to construct peer groups for each child. Initially, we restricted this set to a number of five. We now consider nearest-neighbor groups of three and seven. Tables 8, and 9 show results for these different neighbor sizes limiting ourselves to the change in writing test scores as the results for reading test scores are qualitatively very similar. Our results remain largely unchanged; the coefficient on peer effects is large, positive and statistically significant for nearly all specifications. The magnitude of the coefficient however falls when we use three nearest neighbors. When using seven nearest neighbors, the magnitude increases slightly relative to the results obtained when using five nearest neighbors.
Network Scramble
Finally, we provide a falsification test for our networks based identification strategy. 24 All our results indicate the presence of positive and significant peer effects based on a very specific distance-based peer interaction network of a child. We now show that such a result is not obtained from considering just any random peer group network.
In essence we validate the strength and significance of the actual observed network by ruling out the presence of peer effects within randomly generated networks. Our objective is to demonstrate that no statistically significant peer interaction is found among children that have been assigned randomly to a peer network. This is a test 24 We thank Owen Ozier for suggesting this exercise.
for our identifying assumption that geographical proximity mediates peer effects. To test this, we randomly assign each child in the sample five nearest neighbors and estimate the model in Equation (6) using the S2SLS estimator employing the randomly generated spatial weight matrix. Again, we limit ourselves to cognitive skills measured as writing skills as the results carry over to reading skills. We repeat this exercise 300 times, each time generating random five-nearest neighbor networks. The histogram in Figure 6 shows the empirical distribution of the point estimates obtained from the 300 replications. The mean estimate is 0.019 with a standard error of 0.296, which means that we cannot reject the null hypothesis that peer effects are equal to zero. Moreover, the majority of point estimates are statistically insignificant. For peer effects associated with each of the 300 iterations, we find that we are unable to reject the null that the coefficient (point estimate) is different from zero for 275 coefficients out of 300. Figure 7 plots the joint distribution of coefficients alongwith their standard errors obtained from randomizing the network 300 times. The grey dotted elipse in the figure encloses the area under which coefficient estimates are statistically insignificant. We observe that most point estimates lie within this area. This shows that repeated experiments with different randomized networks produce statistical insignificant peer effects on average.
Hence, this exercise corroborates our approach to constructing nearest neighbor peer networks based on geographical proximity.
Overall, these results provide strong evidence for peer effects to matter for the development of cognitive skills. Moreover, endogenous effects appear to be much more important economically than contextual effects.
Conclusion
In this paper, we analyze the formation of cognitive skills of children in Andhra Pradesh, India, allowing for spatial peer effects. Making use of the specific nature of our data set, i.e., available data on spatial proximity of households, we define a child's peers as her nearest neighbors in terms of geographical distance. Exploiting intransitivity within the directed networks formed by nearest neighbors, we are able to address Manski's reflection problem. Using first-differences allows us to identify contextual and endogenous effects separately and to avoid confounding social effects with unobserved heterogeneity. We use a number of additional model specifications to rule out that timevarying unobservables that are correlated with peer effects drive these results. For our preferred estimation method, which is also the least restrictive one, we find that an increase of one standard deviation in the growth of the cognitive achievement of a child's peers, increases cognitive achievement of the child by half a standard deviation. This is a sizeable effect and suggests that peer effects are an important determinant of skill formation thus far neglected in the literature. We also find evidence for peer effects to provide insurance for children of shock-affected affected households against adverse effects to their cognitive skill acquisition. Interestingly, this result does not hold when we estimate the model for a sample containing only girls; we interpret this as evidence suggestive of girls being more strongly affected by negative idiosyncratic shocks.
We regard this research project as an exciting step forward towards accounting for peer interaction in the literature on the formation of childhood skill acquisition with large potential for novel policy-relevant insights. 
